A central issue in finance is whether stock prices move because of revisions in expected cash flows or discount rates, and by how much of each. Using direct cash flow forecasts, we show that stock returns have a significant cash flow news component whose importance increases with the investment horizon. For horizons over two years, cash flow news is more important. These conclusions hold at both the firm and aggregate levels, and diversification plays a secondary role in affecting the relative importance of cash flow and discount rate news. Our findings highlight the importance of cash flows in asset pricing. (JEL G12, E44) As investors, policymakers, and economists during the recent financial crisis were debating the likelihood of another great depression in 2008, accompanying the stock market plunge, the financial market revised downward its forecasts of five-years-ahead aggregate earnings. This is a consistent pattern over the period 1986-2010: The correlation between the revision of the five-year earnings forecasts and a recession dummy is −71% (Figure 1 ). It seems natural to conclude that a significant portion of stock price movement occurs because, when evaluating stocks, investors revise their expectations of future cash flows.
of future cash flows or discount rates. Since neither expected cash flows nor discount rates are observable, the traditional approach is to predict them, and calculate cash flow news and discount rate news as functions of the predictive variables. Because returns have been much easier to predict than dividends post-World War II, the prevailing view is that almost all aggregate stock return innovation is driven by discount rate news, and almost none by cash flow news. 1 Several studies (e.g., Goyal and Welch 2008 and Chen and Zhao 2009 ) cast doubt on this prevailing view with the evidence that the traditional approach based on predictive regressions is sensitive to the choice of sample periods or predictive variables. A growing literature shows that, with different sample periods or cash flow measures, cash flow news can be more important than what is normally perceived (e.g., Ang and Bekaert 2007; Larrain and Yogo 2008; Chen 2009; Binsbergen and Koijen 2010; Chen, Da, and Priestley 2012) . 2 The relative importance of cash flow and discount rate news has an important bearing on the theoretical modeling of asset prices. For example, Campbell and Cochrane (1999) focus on time-varying discount rates with changing risk aversion, while the long-run risk literature highlights the role of cash flow risk (Bansal and Yaron 2004) .
Given the importance of the subject and the sensitivity of the regressionbased approach, it is therefore useful to explore some alternative methods that do not rely on predictability. The alternative method we propose here uses direct expected cash flow measures. Given stock prices, we use the market prevailing forecasts for future cash flows (from IBES), for each firm and at each point of time, to back out the firm-specific implied cost of equity capital [see Pastor, Sinha, and Swaminathan (2008) , among others]. Consequently, a price change can be decomposed into two pieces: (1) "CF news," defined as the price change holding the implied cost of capital (ICC) constant, and (2) "DR news," defined as the price change holding the cash flow forecasts constant. This decomposition holds by definition without resorting to predictability.
We emphasize that our CF and DR news are different from the traditional cash flow and discount rate news in the existing literature and our ICC is different from the more commonly studied one-period expected return. However, as demonstrated in Appendix A and consistent with the analysis in Pastor, Sinha, and Swaminathan (2008) , ICC does convey information similar to the discount rate component of Campbell and Shiller's (1998) return decomposition. Consequently, our CF news and DR news also contain similar information as the cash flow news and discount rate news in the more traditional return decomposition framework.
A key assumption of the ICC approach is that analyst earnings forecasts are timely reflections of the marginal investors' belief regarding future cash flows. Any deviation from this assumption, such as stale or biased analyst forecasts could result in biased CF news estimates. 3 We address these issues in a battery of empirical checks and find our conclusions from the ICC approach to be robust to biases in analyst forecasts and different assumptions governing the steady-state cash flows.
The ICC method provides new insights. During the sample period of 1985-2010 when the earnings forecast data are available, we find that CF news contributes significantly to stock price variation. For example, at the one-year horizon, CF news accounts for 36% of the stock price variation at the aggregate level and 48% of the price variance at the firm level.
The extent of stock price variation explained by CF news increases with the investment horizon, and for horizons beyond two years, CF news outweighs DR news. At the aggregate level, the CF news portion is 53% at the two-year horizon, and 60% at the three-year horizon. At the firm level, the CF news portion is 63% at the two-year horizon, and 68% at the three-year horizon. CF news is more important at the firm level than at the aggregate level, suggesting that CF news is diversified away relatively more than DR news.
horizons suggests that cash flow news deserves a greater role in theoretical considerations.
We believe we are the first to use the ICC approach to study return decomposition. Our contribution is related to but distinct from the literature that uses the ICC approach to study asset valuation and risk-return tradeoff, including, among others, Kaplan and Ruback (1995) , Liu and Thomas (2000) , Claus and Thomas (2001) , Gebhardt, Lee, and Swaminathan (2001) , Jagannathan and Silva (2002) , Easton and Monahan (2005) , Pastor, Sinha, and Swaminathan (2008) , and Da and Warachka (2009) . Our approach is in the spirit of Graham and Harvey (2005) , who use surveys of CFOs to measure the expected equity premium. Our results suggest that such an approach can shed fresh light on several fundamental issues in asset valuation.
Our findings complement the literature that studies relative return/cash flow predictability by the dividend yield (e.g., Campbell and Shiller 1988, 1998; Cochrane 1992 Cochrane , 2001 Cochrane , 2008 Goyal and Welch 2003; Lettau and Ludvigson 2005; Ang and Bekaert 2007; Larrain and Yogo 2008; Lettau and Van Nieuwerburgh 2008; Chen 2009; Binsbergen and Koijen 2010; Koijen and Van Nieuwerburgh 2011) . This literature provides important evidence on predictability and on the information content of the dividend yield; we study price volatility without resorting to predictability.
The rest of the paper proceeds as follows. In Section 1, we describe the method we use to construct the ICC, the CF news, and the DR news. In Sections 2 and 3, we report the evidence at the aggregate and firm levels using the ICC method and the more traditional predictive regression, respectively. A brief conclusion is provided in Section 4. Appendix A compares our ICC-based decomposition to the more standard Campbell and Shiller (1988) loglinear return decomposition; examines the discount rate news over the long run; and studies the impact of a persistent cash flow forecast error. Appendix B provides details on computing the ICC.
The Implied Cost of Equity Capital Model
We back out the ICC for each firm quarter following Pastor, Sinha, and Swaminathan (2008) . Appendix B provides the details on the sample selection and the calculation of ICC.
The equity value is the present value of future dividends and a terminal value:
where P t is the stock price, FE t+k is the earnings forecast k years ahead, b t+k is the plowback rate (i.e., 1−b t+k is the payout ratio), and q t is the ICC. T is set to 15 years. In short, the stock price P t is a function of the vector of cash flow forecasts c t (available at time t) and the discount rate q t . As detailed in Appendix B, FE t+k are calculated from at least three analyst forecasts from IBES: the earnings forecasts for the current fiscal year (FE t+1 ), the next fiscal year (FE t+2 ), and the long-term growth forecast (g t+3 ). While this calculation also depends on the assumptions of steady-state earnings growth rates and plowback rates, our decomposition results should not be materially affected by these assumptions for two reasons. First, since our decomposition focuses on price changes over time, as long as the assumed steady-state growth rates and plowback rates are slow-moving, they should not have a large impact on our decomposition results. Second, long-term cash flows are more heavily discounted relative to those in the nearer term (determined directly by IBES forecasts) in Equation (1).
CF and DR news
The proportional price difference or capital gain return (Retx) between t +j and t is then (subscript changed from t to t +j ):
where:
Take CF j as an example. It is labeled as CF news because the numerator is calculated by holding the discount rate constant, and CF j captures the price change driven primarily by the changing CF expectations from t to t +j . Note that for both CF j and DR j , the differences are computed at t and t +j . This is a balanced approach as CF and DR changes are defined symmetrically, neither given a higher weight in the definition.
It is important to note that our decomposition in (3) is different from the more standard loglinear return decomposition in Campbell and Shiller (1988) in at least three respects. First, we work with capital gain returns, which do not include dividends. However, exclusion of dividends should not have a material impact on our conclusions as dividends play a minor role in the total return volatility. For example, during 1926 For example, during -2010 , the average quarterly total return for the CRSP value-weighted portfolio is 2.91% (std. dev. = 11.32%); the average quarterly return excluding dividends is 1.94% (std. dev. = 11.25%).
During 1985-2010, the average total return is 2.96% (std. dev. = 8.86%); the average return excluding dividends is 2.36% (std. dev. = 8.80%). Therefore, dividend payout affects only the level of returns; its impact on return volatility is negligible. Second, while Campbell and Shiller (1988) interpret return variations through a log-linearization approximation of the present value formula, our approach does not linearize the formula, and nonlinearity is implicit in the ICC method.
Third, while the cash flow and discount rate news in Campbell and Shiller (1988) sum up to the unexpected return (realized return minus expected return), our CF and DR news add up to the realized price change. However, the variation in expected returns is typically small relative to the variation in realized returns for stocks.
To understand the differences more directly, Appendix A compares these two decomposition methods empirically using the annual stock market data for the S&P 500 Index during the sample period of 1871-2009. We find that unexpected returns and realized price changes are highly correlated. Further, the cash flow (or discount rate) news components computed using the two decompositions are also highly correlated. The high correlations suggest that, as long as similar forecasts for future cash flows are used, our ICC-based decomposition and the more standard Campbell and Shiller (1988) decomposition, though implemented differently, produce very similar inferences.
We can then study the variance of the capital gain return through CF news and DR news:
where VAR and COV are variance and covariance operators.
is the slope coefficient of regressing CF t on Retx t ;
is the slope coefficient of regressing DR t on Retx t . In other words, to understand the portion of capital gain return variance that is driven by CF news and DR news, one only needs to regress CF and DR news on the capital gain returns, and draw inferences based on the slope coefficients.
Expected return, discount rate component, and implied cost of equity capital
The discount rate in our model is the ICC. Hughes, Liu, and Liu (2009) show that ICC, the single discount rate that applies to all horizons, might deviate from the expected next-period return. This is not a concern for us because our goal is not to estimate the expected return for the next period but to capture price variations due to the changes in expected returns for all future horizons, or changes in the discount rate component of the Campbell and Shiller (1988) decomposition (DR CS ):
where ρ and κ are the loglinear constants; p, d, and d are the log price, log dividend, and log dividend growth, respectively. Similarly, the ICC solves:
where D t+j is the dividend in time t +j . Following Jagannathan, McGrattan, and Scherbina (2000) , a linearized version of Equation (9) yields:
where g is the mean expected dividend growth rates, and y is the mean ICC. Appendix A provides detailed derivations of Equation (10) and a direct comparison between DR CS and ICC. Comparing the ICC in (10) to the DR CS in (8), we find them to contain similar information. Subject to the difference in linear and loglinear approximations, both are linear combinations of the current price-to-dividend ratio and the weighted average of future expected dividend growth rates. Appendix A, using the S&P annual stock market data of 1871-2009, shows a correlation exceeding 0.98. For this reason, Pastor, Sinha, and Swaminathan (2008) in their Equation (3) go so far as to define ICC as a scaled version of DR CS . As a result, return decompositions using ICC, like those in the Campbell and Shiller (1988) , should also shed light on the fundamental question of whether cash flow or discount rate news is the main drivers of stock price movement.
ICC vs. predictive regression
Return innovations can be decomposed into cash flow news and discount rate news. Since usually neither expected cash flows nor discount rates are observable, the common practice in the current literature is to predict cash flows and returns, and cash flow and discount rate news are then computed as functions of the predictive variables.
The predictive regression method is sensitive to the choice of sample period. For example, if we use dividend yield as the predictor, depending on whether we study a sample period of 1870-2010, 1926-2010, or 1946-2010 , the conclusion ranges from "the majority of aggregate price variation is driven by cash flow news" to "almost no variation of price variation is driven by cash flow news" (Chen 2009 ). Which version should one trust?
The predictive regression method is also sensitive to the choice of predictive variables and measures of cash flows (Goyal and Welch 2008) . Chen and Zhao (2009) show that different combinations of state variables, with seemingly minor alterations, can lead to dramatically different conclusions.
In contrast, since the ICC approach uses forward-looking information and thus does not involve predictive regressions, it does not require long timeseries data. Rather than relying on coefficient stability and historical data, it uses current information to explain current price changes. It is also consistent with industry practice, in which case analyst forecasts are used to evaluate securities. In addition, the choice of predictive variables is a non-issue in the ICC approach.
Model assumptions and limitations
Since the ICC approach is based on the present value formula, few assumptions are made. The main potential limitation is the quality of analyst forecasts. First, the model uses analyst forecasts and stock prices to back out the ICCs. This means that the DR news captures the residual news. In other words, if updates on analyst forecasts are random noises, then the burden of explaining returns falls completely on the DR news. Therefore, the success of the model depends on how accurately we can capture the CF news, as the DR news will pick up the rest. Second, the model assumes that analyst forecasts capture the marginal investors' expectation of future cash flows in a timely fashion. In real life, some analyst forecasts could be stale. Analyst forecasts could also be biased due to over-optimism or (investment banking-related) conflicts of interest (Ljungqvist, Malloy, and Marston 2009) . We are interested in explaining price changes with changing cash flow expectations. Even if the levels of earnings forecasts are subject to positive biases, as long as such biases are slow-moving [as documented by Mendenhall (1991) and Abarbanell and Bernard (1992) , among others], the forecast revisions should mostly capture "true" cash flow news. In addition, using simulations, Appendix A shows that forecast errors do not have a material impact on our ICC-based decomposition.
Third, our approach depends on the assumptions of the steady-state earnings growth rates and plowback rates that could be firm-specific. Following similar logic as before, as long as these steady-state rates are slow-moving, our decomposition results should not be very sensitive to these assumptions.
We provide extensive robustness checks to ensure that our main conclusions based on ICC are not driven by the issues mentioned above. In general, the limitations of analyst forecasts tend to prevent us from finding strong cash flow effects-better proxies for expected cash flows would likely yield greater importance from CF news. In addition, analyst sluggishness can be mitigated at longer horizons. This suggests that the model might explain price variations better at longer horizons (e.g., one year or two years rather than one quarter). Table 1 provides summary statistics for our sample. Panel A provides year-byyear average quarterly statistics for the final sample. The number of firms starts at 1,645 in 1985, peaks at 3,494 in 1998, and drops to around 2,221 in 2010. Overall, our sample represents about 80% of the total market capitalization in the United States. The average steady-state plowback ratio varies from 47.3% to 62.6%, and the average quarterly earnings-to-price ratio ranges from 1.05% to 1.88%.
Empirical Results: ICC Method

Summary statistics
There is a general downward trend in the median ICC during the sample period before 2008, consistent with a similar downward trend in the risk-free rate for the period. The level of median ICC is probably higher than what is generally believed. We show later that this is in part driven by the optimistic biases in the analyst forecasts, the long-term growth forecasts in particular. The crosssectional distribution of the ICC is reasonably tight judging from the first and third quartiles. The average cross-sectional standard deviation is about 4.3%.
Panel B in Table 1 reports forecast errors (actual minus forecast) in annual earnings forecasts (scaled by the beginning-of-period price) for the first to the fifth years (EPS1 to EPS5) and for the long-term growth forecast (LTG, or g t+3 ). As direct earnings forecasts are often not available beyond year 2, EPS3 to EPS5 are computed by growing the earnings forecasts for the prior years at LTG. The first row in Panel B reports the average forecast errors. Consistent with the findings in the analyst literature, the average analyst forecast errors are negative, reflecting an optimism bias, especially for longer forecasting maturities. The average forecast errors range from −0.09% at year one to −3.56% at year five. The LTG forecast shows a strong optimism bias. It is 6.01% too high on average. The positive bias in analyst forecasts explains the high level of ICCs. The second row in Panel B reports the mean absolute forecast errors. We find that analysts are doing a reasonably good job in providing informative cash flow forecasts at short-to medium-term horizons. The average absolute error increases from 0.53% for next-year earnings to 5.11% for earnings in year five. The average absolute error in LTG, in contrast, is higher at 19.64%, in part because of higher volatility associated with earnings growth rates relative to the level of earnings.
Aggregate evidence
We collapse our firm/quarter panel into a value-weighted aggregate time-series covering 1985-2010. The purpose is to study the relation among capital gain The sample consists of firms, at quarterly frequency from 1985:Q1 to 2010:Q4, in the IBES Summary files with earnings forecasts for the current fiscal year and the next fiscal year and a long-run earnings growth rate estimate. All per share numbers are multiplied by numbers of shares outstanding (from IBES) to obtain amounts at the firm level. Panel A reports the sample summary statistics year by year. The market capitalizations (Market Cap) are in millions of dollars. Quarterly earnings-to-price ratios (E/P) are scaled by the market price at the beginning of the month. The steady-state plowback rate is computed as the ratio of average GDP growth rate to ICC. ICC is estimated using a present value model similar to Pastor, Sinha, and Swaminathan (2008) . We report the first quartile (Q1), median, and third quartile (Q3) of its cross-sectional distribution. Panel B reports forecast errors (actual minus forecast) in annual earnings forecasts (scaled by the beginning-of-month price) for the first to the fifth year (EPS1 to EPS5) and in the long-term growth forecast (LTG).
returns, CF news, and DR news for the market portfolio. Panel A of Table 2 reports the means and variances of capital gain returns, CF news, and DR news. In general, as the investment horizon lengthens, the variance of CF news increases more than the variance of capital gain returns. Following Equation (7), we regress CF news and DR news, respectively, on capital gain returns, ranging from one to 28 quarters. The slope coefficients represent the portion of stock return variance that is driven by each component. Results are also reported in Panel A of Table 2 . At the annual horizon, a significant 36% of the return variation of the market portfolio is explained Panel A reports, for the value-weighted market portfolio, the mean and variance of cumulative capital gain return (Retx), cash flow (CF) news, discount rate (DR) news, from one quarter up to 28 quarters. It also reports the fractions of variation in Retx attributable to the CF news and the DR news (slope coefficients of regressing CF news or DR news on the aggregate Retx). The rows beneath the coefficients report the 5% and 95% confidence bands associated with the coefficients computed using the Hansen-Hodrick (1980) standard errors to account for the overlapping observations. Panel B reports the average firm-level variance of items. It also reports the fractions of variation in Retx attributable to the CF news and the DR news. The rows beneath the coefficients report the 5% and 95% confidence bands associated with the coefficients computed using bootstraps. Specifically, we form 1,000 bootstrapped firm/quarter panels by randomly sampling firms with replacement. In the time-series dimension, we block-bootstrap with replacement using a block length of 20 quarters to preserve the autocorrelation structure in the error terms. Panel C tests for the difference between the aggregate and firm-level decomposition coefficients.
The p-values are again based on the empirical distribution implied by the 1,000 bootstrapped firm/year panels. The sample is quarterly from 1985:Q1 to 2010:Q4.
by CF news. This percentage increases to 53% at the two-year horizon, 60% at the three-year horizon, and 59% at the seven-year horizon. 4 We report the 5% and 95% confidence bands below the point estimates in Table 2 . These confidence bands are computed using Hansen-Hodrick (1980) standard errors since the regressions with horizons over one quarter use overlapping data. However, unlike the usual long-horizon predictive regressions with overlapping data (Boudoukh, Richardson, and Whitelaw 2008) , the statistical significance of coefficient estimates does not increase mechanically with horizon. This is because we do not run predictive regressions. In untabulated simulations, we find that the use of overlapping data within our context does not lead to biased coefficients or standard errors that vary systematically with investment horizon.
The confidence bands suggest that the CF news contribution is significantly greater than zero beyond one quarter. At the three-year horizon and beyond, it is reliably higher than 40%. Therefore, for the market portfolio, there is a significant component of CF news in returns, and it increases with the investment horizon. For horizons beyond two years, CF news outweighs DR news.
The finding that the relative importance of CF/DR news changes with time horizon is intuitive, and we discuss the intuition in detail within the predictive regression framework in Appendix A. By definition, the impact of one-period cash flow news on n-period cash flow news is simply the oneperiod cash flow news. In contrast, negative discount rate news in the current period (because the discount rate rises) will be offset by higher expected returns in the future. Intuitively, if stock price goes down because the discount rate goes up, the current-period negative return will be offset by higher future returns if one holds the stock for multiple periods. As a result, the relative importance of discount rate news is a declining function of the time horizon. 5 Figure 2 plots returns at the one-year and two-year horizons and the corresponding CF news (from the ICC approach). That is, we show how returns are related to CF news by holding DR constant during the period. CF news tracks actual returns very well in most years at the annual horizon. At the two-year horizon, returns and the corresponding CF news are even more closely related. Indeed, our results indicate that aggregate returns beyond the two-year horizon are not "too volatile" any more. 7 1985 1985 1986 1987 1988 1988 1989 1990 1991 1991 1992 1993 1994 1994 1995 1996 1997 1997 1998 1999 1985 1985 1986 1987 1988 1988 1989 1990 1991 1991 1992 1993 1994 1994 1995 1996 1997 1997 1998 1999 
Firm-level evidence
How are returns, CF news, and DR news related at the firm level? If returns are driven by both CF news and DR news at the firm level, which component is more diversified away in a large portfolio? To examine these issues, we conduct the same time-series analysis as for the aggregate portfolio and for each firm separately. We require each firm to have at least 16 quarters of data. We then report the cross-sectional average of firm-specific results in Panel B of Table 2 . The confidence bands associated with the decomposition coefficients at the firm level are computed using the bootstrap method. We form 1,000 bootstrapped firm/quarter panels by randomly sampling firms with replacement. In the timeseries dimension, we block-bootstrap with replacement using a block length of 20 quarters to preserve the autocorrelation structure in the error terms. We calculate the decomposition coefficients in each bootstrapped panel, which allows us to build up the empirical distribution of these coefficients. At the annual horizon, 48% of firm stock returns is due to CF news; this number increases to 63% at the two-year horizon and 62% at the seven-year horizon. Therefore, much like what we have observed at the aggregate level, there is a significant portion of CF news in stock returns at the firm level, and increasingly more at longer horizons. The proportion is significantly higher than 50% at two years and beyond.
Comparing the results in Panel A in Table 2 with those in Panel B, we find CF news to be slightly more important at the firm level than at the aggregate level. In Panel C, we use the bootstrap method to show that CF news is statistically more important at the firm level, especially at horizons shorter than five years. This evidence suggests that, as investors hold more stocks, CF news is relatively more diversified away than DR news. Still, this diversification effect is mild. At both the firm and aggregate levels, CF news is important.
The bottom line is that we observe very similar patterns at the firm and aggregate levels using the ICC method. CF news is always important, and it outweighs DR news at the horizons of two years and beyond. There is some diversification effect of CF news from the firm to the aggregate level, but this effect is only secondary.
Assumptions for the steady-state
We acknowledge that the assumptions on steady-state earnings growth rate and plowback rate are crucial to the ICC computation. We argue that as long as these steady-state rates are slow-moving, our decomposition results should not be very sensitive to these assumptions. Nevertheless, we now allow both parameters to be functions of firm characteristics and estimate them using historical data.
Starting from 1952, within each of the 12 Fama-French industries, we classify stocks into eight portfolios by an independent triple-sort according to their sizes, book-to-market ratios, and ages. We compute the average earnings growth rates and plowback rates 15 years later for each of the 96 (= 12×8) portfolios. We repeat the calculations through 1969. We then average these long-run growth rates and plowback rates over 1952-1969. We use these portfolio averages as our forecasted steady-state earnings growth rates and plowback rates in year 1985 for individual stocks with similar industry, size, book-to-market, and age characteristics. Likewise, we average the long-run rates across portfolios constructed for the [1953] [1954] [1955] [1956] [1957] [1958] [1959] [1960] [1961] [1962] [1963] [1964] [1965] [1966] [1967] [1968] [1969] [1970] period to obtain forecasts for year 1986. Our forecasts are always computed using a backward-rolling window of 18 years, and we always use information available at the time of forecasts.
Panel A of Table 3 reports the decomposition results when we use these alternative forecasts for the steady-state rates. Overall, the results are very similar to those in the benchmark case in Table 2 .
Analyst forecast bias
There is ample evidence indicating that analyst forecasts could be biased (e.g., Ljungqvist, Malloy, and Marston 2009). As noted earlier, what we are interested in is not the levels, but the revisions in these variables. Still, it is possible that forecast biases may affect the revisions. This table reports results from various robustness checks for the ICC approach. In Panel A, we use alternative methods to compute the steady-state earnings growth and plowback rates. We allow both parameters to be functions of firm characteristics such as size, book-to-market ratio, and ages. We estimate them using a backwardrolling window of 18 years to ensure that we always use information available at the time of estimation. In Panel B, we use the lowest forecast, rather than the consensus forecast, from analysts as the measure of earnings forecast.
In Panel C, we use the highest forecast. In Panel D, we use external-financing-adjusted earnings forecasts to account for the optimism bias associated with investment banking business. In Panel E, we use recent-forecasterror-adjusted earnings forecasts to alleviate forecast bias that tends to persist. The current earnings forecasts will be adjusted downward for a firm that has been associated with optimistic forecasts recently. Details on these robustness checks are provided in Sections 2.4 and 2.5.
In each panel, we report the decomposition coefficients at both the aggregate-and the firm-level. The 5% and 95% confidence bands associated with the decomposition coefficients are computed using Hansen-Hodrick (1980) standard errors at the aggregate-level and using bootstraps at the firm-level. We form 1,000 bootstrapped firm/quarter panels by randomly sampling firms with replacement. In the time-series dimension, we blockbootstrap with replacement using a block length of 20 quarters to preserve the autocorrelation structure in the error terms. The sample is quarterly from 1985:Q1 to 2010:Q4.
To mitigate this concern, we construct three measures of analyst forecasts that can help address the bias issue. These three measures are similar to those used by Chava and Purnanandam (2010) .
1. Forecasts according to optimism: Rather than using the consensus analyst forecasts, we can use the lowest (most pessimistic) forecasts or the highest (most optimistic) forecasts. In this way, even if there is a bias when the consensus forecasts are used, the bias might not be as strong if the lowest or the highest forecasts are alternatively used. 2. Forecasts adjusted by external financing: It has been documented that analyst forecasts can be overly optimistic for firms for which there is large investment banking demand (Rajan and Servaes 1997; Bradshaw, Richardson, and Sloan 2006) . Bradshaw, Richardson, and Sloan (2006) measure investment banking business as the amount of cash raised through external financing. We thus rank all firms, year by year, according to the amount of net external financing (equity and debt issuance) and calculate the percentile ranking, Rank EF i , for each firm i. The external-financing-adjusted forecast is calculated as:
where LOW EPS i is the lowest forecast, and HIGH EPS i is the highest forecast. The idea is to rely more on the pessimistic estimate if a firm has more investment banking business in a particular year, in an effort to correct for the potential bias. 3. Forecasts adjusted by recent forecast error: Analyst forecast errors tend to be persistent (Mendenhall 1991; Abarbanell and Bernard 1992) . Therefore, current earnings forecasts are more likely to be optimistic (or pessimistic) if they were optimistic (pessimistic) during the recent past. We thus rank all firms, year by year, according to the consensus earnings forecast errors (FE) during the most recent fiscal year and calculate the percentile ranking, Rank FE i , for each firm i. The forecast error (FE) is defined as forecast minus the actual scaled by the price at the beginning of the fiscal year. The recent-forecast-error-adjusted forecast is calculated as:
where LOW EPS i is the lowest forecast, and HIGH EPS i is the highest forecast. The idea is to rely more on the pessimistic estimate if a firm has been associated with optimistic earnings forecasts in the recent past.
Panels B and C of Table 3 report the main results using the lowest and highest analyst forecasts. The results are fairly stable. Using the lowest forecasts, CF news explains 33% of return variance at the annual frequency for the aggregate portfolio and 49% at two years. The corresponding numbers are 44% and 58%, respectively, at the firm level. Using the highest forecasts, the portion of CF news increases. For the aggregate portfolio, CF news explains 39% of return variance at the annual frequency and 61% at the two-year horizon. The corresponding numbers are 53% and 72%, respectively, at the firm level. Note that these decomposition coefficients are reflecting extreme views from the cross-section of analysts, the "true" decomposition coefficients will be less extreme.
Panel D of Table 3 reports the main results after correcting for the potential bias related to external financing (EF). For the aggregate portfolio, CF news explains 42% of return variance at the annual frequency, increasing to 56% at the two-year horizon. The corresponding numbers are 43% and 60%, respectively, at the firm level.
Panel E of Table 3 reports the main results after correcting for the potential bias using the recent forecast errors (FE). For the aggregate portfolio, CF news explains 37% of return variance at the annual frequency, increasing to 55% at the two-year horizon. The corresponding numbers are 48% and 63%, respectively, at the firm level. Again, CF news plays an important role at both the firm and aggregate levels, while diversification plays only a secondary role.
We therefore conclude that analyst forecast biases are unlikely to be the main driver of our results.
Empirical Results: Predictive Regression Approach
The traditional approach to understand the relative importance of cash flow and discount rate news is to conduct predictive regressions.
Aggregate evidence
The traditional predictive regression approach is based on the Campbell-Shiller (1988) return loglinearization. Consider the following VAR:
The vector Z t = r t d t dp t x t , where r t is log return, d t is log dividend growth, dp t is log dividend yield, and x t is the additional predictive variable. The one-period unexpected return, ε r,t , can be decomposed into discount rate news (e DR,t ) and cash flow news (e CF,t ):
e CF,t = e2 (I +λ)ε t
where λ = ρ (I −ρ ) −1 , e1 is a vector whose first element is equal to one and zero otherwise, e2 is a vector whose second element is equal to one and zero otherwise, and ρ is set to 0.96. Intuitively, returns and dividend growth are projected onto predictive variables. Discount rate news and cash flow news are then functions of shocks to the predictive variables (ε t ) multiplied by the predictive coefficients (λ). 6 For the predictive variable x t , we examine a comprehensive list of them from Goyal and Welch (2008) and find them to produce similar results qualitatively. To save space, we only report results using x = eqis (percent equity issuing, or the ratio of equity issuing activity as a fraction of total issuing activity). Goyal and Welch (2008) conclude that eqis is the only variable with good return predictive power both in-sample and out-of-sample.
Panel A of Table 4 reports the results of return decomposition using this approach. During the long sample period of 1927-2010, at the one-year horizon, 51% (49%) of return variance is driven by cash flow (discount rate) news. Cash flow news explains 74% of return variance at the five-year horizon, and 80% at the 15-year horizon. Therefore, consistent with the ICC approach, cash flow news is significant for the market portfolio, and its importance increases with the horizon.
When we examine the shorter postwar sample period of 1946-2010, 113% (−14%) of the annual return variance is driven by discount rate news (cash flow news). This is the well-known conclusion that almost all of the aggregate return variation is driven by discount rate news, and almost none by cash flow news. Even at the seven-year horizon, cash flow news still explains none of the return variance. Overall, confirming the results in the existing literature (Chen 2009 ), we find the conclusion from the predictive regression approach to be sensitive to the sample period.
Traditional predictive regressions measure cash flows using dividends. Chen, Da, and Priestley (2012) show that dividends are much more smoothed in the post-World War II period, which masks dividend growth predictability. This means that dividends, as a result of corporate policy, are not good at representing the prospect of future cash flows in the more recent sample (e.g., Boudoukh et al. 2007; Larrain and Yogo 2008; Pontiff and Woodgate 2008) . To address this issue, we consider two alternative measures of cash flow. Each results in a new predictive variable and a new vector for the VAR.
The first measure is the net equity payout (dividend plus repurchase minus issuance), following Larrain and Yogo (2008, see Section 5 and the appendix of their paper). Since net equity payout can be negative, the authors consider a loglinear approximation and define the net payout yield as: v t = θd t −(θ − 1)e t −a t , where d, e, and a denote the log of the dividend plus repurchase, the log of equity issuance, and the log of market value of equity, respectively. θ is a loglinear constant chosen to be 2.5. Return, cash flow, and net payout yield Table 4 Return decomposition using predictive regressions-aggregate evidence We implement the return decomposition at the aggregate level using a first-order VAR:
In Panel A, Z t = r t d t dp t eqis t , where r t is log annual return, d t is log dividend growth rate, and dp t is log dividend yield, and eqis t is the ratio of equity issuing activity as a fraction of total issuing activity. Panel A1 reports the decomposition results for the long sample period of 1927-2010 and Panel A2 reports the results for the shorter sample period of 1946-2010. In Panel B, we implement the return decomposition following Larrain and Yogo (2008) closely. The net payout yield is defined as: v t = θd t −(θ −1)e t −a t where d, e, and a denote log of dividend plus repurchase, log of equity issuance and log of market value of equity, respectively. θ is a loglinear constant chosen to be 2. . In Panel C, we use the log book-to-market ratio as the main predictor of future accounting return, or Z t = [r t roe t bm t ] , where r t is log annual return, roe t is log return on book equity (ROE), and bm t is log book-to-market ratio. We report the regression coefficient of discount rate news on unexpected return (Coe(DR)), and of residual-implied cash flow news on unexpected return (Coe(CF)). The sample period is 1952-2010. For Panels A to B, the 5% and 95% confidence bands associated with decomposition coefficients are based on standard errors controlling for heteroscedasticity and autocorrelation. For Panel C, the 5% and 95% confidence bands associated with the decomposition coefficients are computed using bootstraps. Specifically, we simulate 1,000 bootstrap firm/year panels by re-sampling firms with replacements. All data are in annual frequency.
are related to each other by a present value relation: Table 4 reports the results of return decomposition using the net payout yield as the predictor. Three interesting patterns emerge. First, cash flow news explains 58% of return variance even at the annual horizon during the long sample period of 1927-2010. Second, as before, the importance of cash flow news increases with the horizon. Third, the results are very similar in the shorter postwar sample period of 1946-2010. There is no reversal in the importance of cash flow news as we saw in the comparison of Panels A1 and A2, suggesting that a more comprehensive measure of cash flow alleviates the problems arising from dividend smoothing and provides strong support for the importance of cash flow news.
The second alternative cash flow measure is corporate earnings. We run predictive regressions using the book-to-market ratio to predict the accounting return on equity (ROE). Vuolteenaho (2000) justifies this approach by loglinearizing the accounting clean-surplus identity.
Following Vuolteenaho (2002) and Cohen, Polk, and Vuolteenaho (2003) , we combine the Compustat annual tape with the CRSP data. We consider the vector Z t = [r t roe t bm t ] , where r t is the log annual return, roe t is the log return on book equity (ROE), and bm t is the log book-to-market ratio.
The return on equity is defined as roe t = ln((1+E t )/B t ), where E t is the earnings and B t is the book equity. Earnings is defined as net income (Compustat item NI); if net income is unavailable, we replace it by NI t = (1+retx t )×
where retx t is the capital gain return from CRSP, M t is the market cap, and D t is the dividend (from CRSP). The equation is based on the clean-surplus formula adjusted for net equity issuance (Cohen, Polk, and Vuolteenaho 2003) . 7 The corresponding decomposition results are reported in Panel C of Table 4 .
When we use ROE as the cash flow measure, cash flow news becomes more important and explains 34% of annual return variance, very close to the result using the ICC approach, where the corresponding number is 36% (Panel A in Table 2 ).
Overall, we confirm the evidence from a growing literature that, predictive regressions may also conclude cash flow news to be important in driving stock returns even at the aggregate level. This conclusion is reached when we use dividends as a measure of cash flow over a longer sample from 1927 to 2010 or use alternative measures of cash flows.
Firm-level evidence
Since many firms do not pay dividends, we need to run predictive regressions at the firm level using ROE and the book-to-market ratio. Applying such 7 To calculate book equity, we start with common book equity (CEQ, replaced by CEQL if not available); if common book equity is still not available, we replace it by the lagged common book equity plus current period net income (NI) minus dividend payout (DVC). Book equity is then defined as common book equity plus deferred taxes and investment tax credit (TXDITC if available) plus income taxes payable (TXP if available). We delete firms with negative book equity. The annual return r t covers June of year t to May of year t +1 to ensure that the accounting information is fully incorporated into prices. We collapse the vector Z into value-weighted aggregate annual time-series covering 1952-2010. predictive regressions at the firm and portfolio levels during the post-World War II sample period, Vuolteenaho (2002) , Cohen, Polk, and Vuolteenaho (2003) , Callen and Segal (2004) , Callen, Hope, and Segal (2005) , and Callen, Livnat, and Segal (2006) conclude that cash flow news dominates at the firm level, but most of it can be diversified away, making discount rate news dominant at the aggregate level. This finding seems to suggest that cash flow news is more related to firm-specific risk, while discount rate news is more related to systematic risk. 8 Because of diversification, there is a complete reversal of the relative importance of cash flow news and discount rate news. The prevailing approach, following Vuolteenaho (2002) as an extension of Campbell (1991) , is to apply a panel VAR analysis using Equation (13), calculate the unexpected return and discount rate news, and finally back out the residual cash flow news as the difference between the unexpected return and discount rate news. We report the firm-level predictive regression results in Panel A of Table 5 . All the confidence bands associated with the decomposition coefficients are again constructed by the bootstrap method where we form 1,000 bootstrap firm/year panels by randomly resampling firms with replacement. We first apply the panel VAR controlling for the year fixed effect, which is similar to Vuolteenaho (2002) who de-means all variables cross-sectionally year by year. The predictive coefficient for return (return on equity) on the lagged book-to-market ratio is 0.03 (−0.02). 9 In the panel "decomposition coefficients," we report the coefficients of regressing discount rate news and residual-based cash flow news [following Vuolteenaho (2002) ] on unexpected return. Discount rate news explains 10% of return variance, and cash flow news explains 90% of return variance, confirming the conclusion in Vuolteenaho (2002) that cash flow news dominates discount rate news at the firm level.
We then repeat the panel VAR controlling for the firm fixed effects, which is similar to de-meaning all variables time-series wise. In this case, discount rate news explains 28% of return variance and cash flow news explains 72% of return variance. In other words, after controlling for the firm fixed effects, cash flow news becomes less important. 10 Predictability in the regression method can come from the time-series or the cross-section. The cross-sectional heterogeneity in earnings is persistent, 8 Summarizing the results in Vuolteenaho (2002) , Cochrane (2008) points out, "Much of the expected cashflow variation is idiosyncratic, while the expected return variation is common, which is why variation in the index book/market ratio, like variation in the index dividend/price ratio, is almost all due to varying expected excess returns."
9 The corresponding number in Vuolteenaho (2002) is 0.0477 (−0.0264) in Table II . 10 Note that the annual return (from June to the following May) is delayed relative to the return on equity (from January to December), which might affect the importance of the discount rate news (because return becomes harder to predict with the additional time lag). We also repeat the panel VAR with firm fixed effects and with returns from January through December (i.e., without the additional time lag). In this case, discount rate news becomes even more important and explains 41% of return variance. Consider a vector Z t = [r t roe t bm t ] , where r t is log annual return, roe t is log return on book equity (ROE), and bm t is log book-to-market ratio. Assume that the vector follows a first-order VAR:
Then both cash flow news and discount rate news can be estimated. We report the VAR coefficient of return (Coe(r)) and return on equity (Coe(roe)) on the lagged book-to-market and their standard errors respectively. We then report the regression coefficient of discount rate news on unexpected return (Coe(DR)), and of residualimplied cash flow news on unexpected return (Coe(CF)). The robust standard errors (se) associated with the VAR coefficients are obtained controlling for clustering, heteroscedasticity, and/or autocorrelation. The 5% and 95% confidence bands associated with the decomposition coefficients are computed using bootstraps. Specifically, we simulate 1,000 bootstrap firm/year panels by re-sampling firms with replacements. Panel A reports the results at individual firm-level. Panel B reports the results for the aggregate market consisting of two book-to-market portfolios. The sample is annual from 1952 to 2010.
a fact widely documented with respect to value versus growth stocks (e.g., Lakonishok, Shleifer, and Vishny 1994; Fama and French 1995; Cohen, Polk, and Vuolteenaho 2003) . It is thus relatively easier to predict cash flow growth cross-sectionally-growth firms tend to have higher cash flow growth in the next period, meaning that cash flow news is more important at the firm or portfolio levels. The literature on the aggregate market portfolio, which can only rely on time-series predictability, shows that returns are much easier to predict than cash flows in the postwar period, thus leading to the conclusion that discount rate news is more important at the aggregate level. Consequently, the results at the firm level are not compatible with those at the aggregate level because the predictability comes from different sources. To further demonstrate this point, we run a VAR for each firm separately and report the average coefficients and bootstrapped the confidence bands (we require at least 16 years of data for each firm). 11 On average, discount rate news explains 37% of return variance, and cash flow news explains 63%.
Therefore, the conclusions at the firm-level based on the predictive regression approach vary dramatically depending on whether one relies on a combination of time-series and cross-sectional predictability or on time-series predictability alone. Which of the two approaches is more reasonable? We address this question below with additional analysis.
If one relies on the combination of time-series and cross-sectional predictability [as in Vuolteenaho (2002) ], the implicit assumption is that all firms are homogeneous in the long run. With such a view, running a panel VAR without the firm fixed-effect control is reasonable. However, the validity of such a view is questionable, and we argue that the effect of diversification can be better detected by comparing the firm-level panel regressions with the "aggregate market" where we group all firms into two portfolios. A two-portfolio aggregate market panel has the advantage that it preserves crosssectional predictability, and each portfolio, including thousands of firms, is about as diversified as the market.
We sort all stocks into two book-to-market portfolios and repeat the return decomposition for this two-portfolio "aggregate market" in Panel B of Table 5 . With the year fixed effect, 95% of return variance is explained by cash flow news, and 5% of return variance is explained by discount rate news. The corresponding numbers at the firm level following the approach in Vuolteenaho (2002) are 90% and 10% respectively (Panel A). The fact that cash flow news is dominant for both diversified portfolios and individual firms implies that such cash flow dominance does not come from a lack of diversification but rather from cross-sectional predictability.
We then examine the time-series predictability alone for the two book-tomarket sorted portfolios in Panel B of Table 5. In the panel regression with portfolio fixed effects, cash flow news explains 48% of return variance. If we run time-series regressions for the two portfolios separately, we find that cash 11 The discounting parameter ρ = P /D 1+P /D = 1 1+D/P , where P is price and D is dividend. For the full panel, following Vuolteenaho (2002) , we set ρ at 0.96. For individual firms, we use the discounting parameter for the industry to which the firm belongs. When we use the discounting parameter for each firm separately, the same conclusions hold.
flow news explains 36% and 57% of return variance for the growth and value portfolios, respectively.
Finally, recall from Panel C of Table 4 that cash flow news explains 34% of return variance at the market level. Overall, as we move gradually from the firm level to the aggregate level but focus our attention on time-series predictability consistently, we find cash flow news to become less and less important, indeed suggesting that cash flow news can be diversified to some extent. However, such diversification plays only a secondary role: discount rate news does not dominate at the aggregate level, while cash flow news does not dominate at the firm level.
In summary, the firm-level predictive regression requires careful treatment since it combines time-series predictability with cross-sectional predictability. If we focus on time-series predictability, we find that cash flow news is important but not dominant at the firm level; as a result, the cash flow diversification effect is only secondary.
ICC vs. predictive regression: 1985-2010
Because of data availability, we examined the ICC method for a short sample period, 1985-2010, while most of the predictive regressions are conducted for a longer period from 1926 or from 1952. To remove the impact of different sample periods, we now directly compare the ICC method and the predictive regression at the annual frequency in the same sample period from 1985 through 2010.
During the financial crisis, the quarters experiencing the most negative annual returns (compared to four quarters before) are the fourth quarters (−39%) of 2008 and the first (−36%) and second (−27%) quarters of 2009. Using the ICC approach, the corresponding CF news are, respectively, −19%, −39%, and −45%. Large negative swings of the aggregate market are accompanied by large downward revisions of future cash flows, consistent with the view that the prospect of a potential great depression (i.e., CF news) dragged the market down. This view seems to be shared by policy makers, practitioners, and academics at that time.
In sharp contrast, the predictive regression approach based on dividend yield attributes the market crash in 2008 mainly to discount rate news. For example, in Figure 3 , we plot the annual return news and the corresponding cash flow news using the predictive regression approach estimated over the same 1985-2010 period. We find that the annual cash flow news in the three quarters starting from the last quarter of 2008 is −9.5%, −13.7%, and −16.9%, which is only a small fraction of return news (return news being −55.6%, −57.5%, and −41.0% respectively). Returns and CF news-predictive regression method The figure shows how annual return news and the corresponding CF news (at quarterly frequency) are related. The numbers are computed using the predictive regression method with the log dividend yield as the predictor. We run four separate regressions using data at annual frequency, with each year ending at different quarters (1 to 4). We then append the CF news and DR news from the four regressions together. The purpose is to obtain annual news items at quarterly frequency. The resulting news items cover 1986:Q1-2010:Q4. We use the book-to-market ratio to predict the ROE (BM_VAR). To reduce estimation error, the predictive regressions are estimated using the full samples and the estimated coefficients are applied to the shorter sample period, 1985-2010. The results are reported in Table 6 for the one-, two-, and three-year horizons. We consider calendar-year returns consistently across the two methods. In addition, for the firm-level predictive regressions, we run time-series regressions firm by firm, similar to what we do for the ICC method. Overall, the results in Table 6 suggest that the decomposition results are fairly consistent across the two methods, but cash flow news is slightly more important under the ICC method. At the aggregate level, the differences are significant beyond two years in the case of BM_VAR. At the firm level, however, the differences are never statistically significant at the 10% level.
We apply both approaches in the same sample period to provide a visual comparison of different discount rate forecasts. Figure 4 plots the ICC, the next-year expected return forecast from the predictive regression (Pred_ER), and the long-run discount rate from the predictive regression (Pred_ICC) at the end of each year from 1985 through 2010. The predictive regression is run using the traditional approach, where the vector Z t = r t , d t ,dp t . The long-run discount rate (Pred_ICC), following Pastor, Sinha, and Swaminathan (2008) , is defined as:
which is more comparable to the ICC. Figure 4 shows that the ICC is highly correlated with the other two proxies of expected returns. Its correlation with Pred_ER is 0.77, while its correlation with Pred_ICC is 0.68. In terms of level, we notice that the dot-com bubble in 2000 results in a very low next-year expected return forecast, Pred_ER. ICC and Pred_ICC, both capturing long-run expected returns, are less affected by this transitory bubble. ICC is also always higher than the other two expected return proxies, reflecting the optimism biases in the analyst earnings forecasts. Since we are interested in changes in stock prices, these biases, as long as they are slow-moving, should not have a strong impact on our results. Indeed, the changes in ICC are still highly correlated with changes in Pred_ER and Pred_ICC (63% and 46%, respectively). Overall, Figure 4 confirms that the ICC is a reasonable proxy for the discount rate.
Conclusion
A central issue in asset pricing is whether stock prices move because of the revisions of expected future cash flows or of expected returns, and by how much. Since neither expectation is observable, researchers usually calculate cash flow and discount rate news from predictive regressions. Conclusions based on this predictive regression approach could be sensitive to sample period, to the choice of predictive variables, to the choice of cash flow measures, and to the difference between time-series and cross-sectional predictability. For these reasons, the role of cash flow news could vary from dominant to non-existent. It is thus difficult to interpret price movements in a reliable way.
Our article makes two contributions. First, we provide a new method to decompose returns that does not rely on predictability. We use firm-specific market consensus earnings forecasts, coupled with prices, to back out the discount rate. In this way, we can identify cash flow news and discount rate news by construction without resorting to predictability. This method is forwardlooking and thus is little affected by the major drawbacks of the predictive regression approach. The method can be easily applied at the firm, portfolio, and market levels, and over short to long horizons. Also, the cash flow forecasts are taken from practitioners and are consistent with industry practice in security valuation.
Second, we provide the first attempt of consistent application of the predictive regression approach to both firm and aggregate levels, using different cash flow measures, and at different horizons. We find that there is a significant component of cash flow news in stock returns, and that its importance increases with the investment horizon. At horizons beyond two years, cash flow news is a more important share of stock returns than is discount rate news. This conclusion holds at both the firm and aggregate levels. Diversification plays a secondary role in affecting the relative importance of cash flow or discount rate news in driving stock returns.
A.1 ICC vs. discount rate component in CS
We start with the definition of ICC in Equation (9):
Linearize ICC t and D t+i around mean ICC y and mean log dividend growth rate g:
Plugging (A2) and (A3) into (A1), we have:
Simplifying the algebra, we have:
Rearranging the equation, we have:
Intuitively, DR CS and ICC should be highly correlated since they share almost identical timevarying components. To gauge their empirical correlation, we need a model to compute expectations and we choose the popular approach based on VAR. As such, we inherit the log-normality and homoskedasticity assumptions underlying the VAR.
Specifically, we consider a vector Z t = r t d t dp t , where r t is log return, d t is log dividend growth, and dp t is log dividend yield. We estimate a first-order VAR (Z t = Z t−1 +ε t ) using the annual stock market data for the S&P 500 Index for the period from 1871 to 2009. The estimated VAR coefficients, variance of VAR innovations, and Z t allow us to compute E t ( d t+j ) and E t (D t+j ), from which we obtain the entire time-series of DR CS (using Equation (8)) and ICC (using Equation (9)). We set ρ = 0.96, which implies κ = 0.1679. Following Pastor, Sinha, and Swaminathan (2008) , we scale DR CS by 1−ρ, which is more comparable to ICC. We plot both (1−ρ)DR CS and ICC in FigureA1. Indeed, the two time-series are highly correlated with a correlation coefficient of 0.983. ICC is higher than (1−ρ)DR CS due to Jensen's convexity adjustment.
A.2 Cash flow news and discount rate news-ICC vs. CS
In the standard CS framework, return innovations (ε r,t ) can be decomposed into cash flow news (e CF,t ) and discount rate news (e DR,t ) using the estimated VAR coefficients ( ) and innovations (ε t ) as follows: ε r,t = e DR,t +e CF,t , e DR,t = −e1 λε t , e CF,t = e2 (I +λ)ε t , where λ = ρ (I −ρ ) −1 , e1 is a vector whose first element is equal to one and zero otherwise, and e2 is a vector whose second element is equal to one and zero otherwise. In contrast, our ICC-based method decomposes the capital gain return in Equation (3) into CF news and DR news, as in Equations (4) and (5). After computing future expected dividends and the associated ICCs from the VAR, we can implement our ICC-based decomposition. In other words, using the same stock market data (S&P 500 Index) and the same model for computing expectations (the VAR), we can empirically compare CF/DR news from our ICC method against the cash flow/discount rate news from the CS decomposition. FigureA2 plots the return innovations, cash flow news and discount rate news from the CS decomposition against capital gain returns, CF news, and DR news accordingly from our ICC-based decomposition. The figures suggest that the two decomposition components produce strikingly similar results. The correlation between return innovations and capital gain returns is 0.979. The correlation between the cash flow news is 0.989 and the correlation between the two discount rate news is 0.932. 
Figure A2
Decomposition: CS vs. ICC The figure shows how return innovations, cash flow news, and discount rate news from the CS decomposition are related to capital gain returns, CF news, and DR news accordingly from our ICC-based decomposition. The numbers are computed using the predictive regression method with the log dividend yield as the predictor. The annual data cover 1871-2009.
A.3 Discount rate news in the long run
Under the CS decomposition, it can be shown that the unexpected n-period cumulative return, ε n r,t , can be written as: While n-period cash flow news is simply the summation of one-period cash flow news, n-period discount rate news is equal to the summation of one-period discount rate news, adjusting for the fact that a positive shock to discount rate right now, which reduces prices, causing higher future returns. For example, the impact of one-period discount rate news at time t on n-period discount rate news is:
e DR,t −e1 × ρ −(ρ ) n ×(I −ρ ) −1 ε t .
If n is large, the equation becomes:
e DR,t −e1 ×ρ ×(I −ρ ) −1 ε t = 0.
In other words, the impact of discount rate news is temporary. In comparison, the impact of cash flow news is permanent: positive current cash flow news does not automatically lead to lower cash flow news in the future. Since discount rate news should be, in theory, stationary and meanreverting, as the horizon n lengthens, the cumulative returns must increasingly represent cash flow news. 
A.4 The impact of forecast errors on the ICC-based decomposition
We implement our ICC-based decomposition using analyst earnings forecasts. While analyst earnings forecasts provide direct measures of expected future CF without resorting to predictive regressions, they are well-known to be biased. To gauge the impact of analyst forecast errors on our ICC-based decomposition, we add a layer of simulated forecast errors to the S&P stock market data. Using our IBES sample, we compute forecast error (defined as ln(forecast/actual)) for the current fiscal year at the aggregate level. We then fit an AR(1) process to the time-series of annual forecast errors. The forecast error has a mean of 0.05, an AR(1) coefficient of 0.7 and its innovation has a standard deviation of 0.03. These parameters confirm that analyst forecasts are overly optimistic on average and the forecast errors are quite persistent over time. Based on these parameters, we simulate annual forecast errors for the sample period of 1871-2009 and apply these forecast errors to the actual log dividend growth rates. We then implement our ICC-based decompositions for horizons equal to 1, 3, 5, 7, and 10 years, with the actual dividend data and with the forecast-error-augmented dividend data. The results are reported in Table A1 . We find that the results with and without forecast errors are qualitatively similar. Using the actual data, we find CF news to explain 52% of capital gain return variations at the one-year horizon. Using the forecast-error augmented data, CF news on average explains 53% of capital gain return variations in the one-year horizon. As horizon increases, CF news becomes more important while DR news becomes less important. Therefore, analyst forecast errors do not seem to drive our decomposition results. Note that CS decomposition gives almost identical results given the high correlations displayed in Figure A2 .
Appendix B: Details on Computing the Implied Cost of Equity Capital
Our sample of the implied cost of equity capital (ICC) is based on quarterly data. IBES reports consensus analyst forecasts on earnings each month. We collect earnings forecast data as of March, June, September, and December of each year for all firms. The accounting data are from Compustat. We match analyst forecasts with accounting information that has been publicly released. We also collect from IBES share prices and numbers of shares outstanding. Earnings forecasts and share prices are both split-adjusted.
Recall that ICC is computed from the equation: , where P t is the stock price, FE t+k is the earnings forecast k years ahead, b t+k is the plowback rate (i.e., 1−b t+k is the payout ratio), and q t is the ICC. To be included in the sample, we require non-missing data for earnings forecasts for the current fiscal year (FE t+1 ), the next fiscal year (FE t+2 ), and the long-term growth forecast (g t+3 ). If a firm has missing forecasts for the third fiscal year, we follow common practice and project earnings using the long-term growth forecast and the prior year's earnings forecast: FE t+3 = FE t+2 ×(1+g t+3 ). We also require that prior year's dividends be available from Compustat. We restrict our sample to the 1985-2010 period because IBES covers too few firms before 1985.
To obtain earnings forecasts for years t +4 to t +16, we assume that the earnings growth rate reverts from g t+3 to the mean long-term analyst industry growth forecast g ind t+3 by year t +16. As a result, for years t +4 to t +16, the earnings growth rates and the earnings forecasts are: g t+k = g t+k−1 ×exp log g ind t+3 /g t+3 /(13)
Beyond year t +16, earnings growth rates for all firms are assumed to be equal to a steady-state rate g ss t , namely the average historical GDP growth rate estimated using an expanding rolling window starting in 1947.
For the first two years, the plowback rate is calculated from the most recent net payout ratio for each firm. The net payout ratio is the ratio of common dividends (item DVC in Compustat) to net income (item IBCOM). If net income is negative, we replace it by 6% of assets. The plowback rate then reverts between years t +3 and t +16 to a steady-state rate. The assumption is that, in a steady state, the product of return on investment, ROI, and the plowback rate, b ss t , is equal to the growth rate in earnings: g ss t = ROI t ×b ss t . Assuming that the ROI is equal to the ICC, the steady-state plowback rate is b ss t = g ss t /q t , that is, the ratio of average GDP growth rate to ICC. Therefore, the plowback rates from t +3 to t +16 are:
With the forecasted earnings and plowback rates, the ICC is then backed out numerically. When there are multiple roots, we choose the root that is closest to the risk-free rate. We exclude penny stocks with prices below $1. Finally, we winsorize all firm-specific variables in the final sample at the 1% and 99% breakpoints.
